This paper applies the vector AR-DCC-FIAPARCH model to eight national stock market indices' daily returns from 1988 to 2010, taking into account the structural breaks of each time series linked to the Asian and the recent Global financial crisis. We find significant cross effects, as well as long range volatility dependence, asymmetric volatility response to positive and negative shocks, and the power of returns that best fits the volatility pattern. One of the main findings of the model analysis is the higher dynamic correlations of the stock markets after a crisis event, which means increased contagion effects between the markets. The fact that during the crisis the conditional correlations remain on a high level indicates a continuous herding behaviour during these periods of increased market volatility. Finally, during the recent Global financial crisis the correlations remain on a much higher level than during the Asian financial crisis.
The intrinsic informational content that financial crises provide to the research community is certainly one of the key reasons they remain in the spotlight of the finance and broader economic literature long after they are resolved. The 1997 Asian financial crisis, the Global financial crisis of 2007-08 and the ongoing European sovereign-debt crisis are evidently among the most important events that stirred universal fear of a worldwide economic meltdown due to financial contagion among investors, financial market practitioners and policy makers alike. And inevitably, what our modelling tools can tell us about the period around those times is, among other things, the channel through which our existing risk management paradigms and decision-making processes will evolve to better address similar episodes in the future.
In this spirit, the availability of data and processing power capacity together with the recent developments in econometrics allow us to pinpoint better than ever before, properties of the underlying stochastic processes that are crucial albeit hard to uncover (i) in constructively challenging long-established assumptions of the financial practice such as the benefits of international portfolio diversification, especially during periods of economic turmoil or (ii) in shedding light on how the properties of our modelling efforts of the underlying stochastic processes project the impact of these crises. Our paper introduces a unified approach and demonstrates how it can be used to determine key aspects of modelling around periods of economic turmoil, such as changes in the linkages between financial markets, in long memory and power effects among others. In particular, we focus on stock market volatilities and co-volatilities and how they have changed due to the Asian and the recent Global financial crises.
The study of the linkages between volatilities and co-volatilities of the financial markets is a critical issue in risk management practice. The multivariate GARCH framework provides the tools to understand how financial volatilities move together over time and across markets. For thorough surveys of the available Multivariate GARCH models and their use in various fields of risk management such as option pricing, hedging and portfolio selection see Bauwens, Laurent, and Rombouts (2006) and Silvennoinen and Teräsvirta (2009) . Conrad, Karanasos, and Zeng (2011) applied a multivariate fractionally integrated asymmetric power ARCH (FIAPARCH) model that combines long memory, power transformations of the conditional variances, and leverage effects with constant conditional correlations (CCC) on eight national stock market indices returns. The long-range volatility dependence, the power transformation of returns and the asymmetric response of volatility to positive and negative shocks are three features that improve the modelling of the volatility process of asset returns and its implications for the various risk management practices. We extend their model by allowing for cross effects between the markets International Review of Financial Analysis 45 (2016) [332] [333] [334] [335] [336] [337] [338] [339] [340] [341] [342] [343] [344] [345] [346] [347] [348] [349] in the mean of returns and by estimating time varying conditional correlations. We also study the effect of financial crisis events on the dynamic conditional correlations as well as on the three key features of the conditional variance nested in the model. Therefore, the contribution of the present study is that our model provides a complete framework for the analysis of financial markets' co-volatility processes.
The empirical analysis of our model applied to eight stock indices daily returns in a bivariate and trivariate framework provides evidence that confirms the importance of long memory in the conditional variance, of the power transformations of returns to best fit the volatility process and of the asymmetric response of volatility to positive and negative shocks. A Wald testing procedure strongly supports our results. We extend the existing empirical evidence on the dynamic conditional correlations (DCC) models by adding all cross effects in the mean equation, that is we estimate a full vector autoregressive (VAR) model, to reveal the relationship among the returns of each multivariate specification. In the previous studies the researchers have added as regressor in the mean for all stock market indices a prevailing global index return, such as S&P 500 or an index of particular interest for the region and the period investigated. Our cross effects are found significant in most cases.
Moreover, another of our main findings regards the DCC analysis with structural breaks. In line with the literature, our model estimates always highly persistent conditional correlations. The correlations increase during crisis events, indicating contagion effects between the markets, and remain on a high level after the crisis break, showing the investors' herding behaviour. Finally, we contribute to the existing literature findings by comparing two different financial crises, the Asian (1997) and the recent Global (2007-08) crisis, in terms of their effects on the correlations, where we observe much more heightened conditional correlation estimates for the recent Global crisis than for the Asian crisis. This is reasonable since the international financial integration followed by the financial liberalisation and deregulation in capital controls has reached its peak nowadays compared to its evolution during the Asian financial crisis in 1997.
The remainder of the paper is structured as follows. Section 2 discusses the existing empirical literature on the financial crises, the contagion effects among the financial markets and the investors' herding behaviour. In Section 3 we detail the multivariate FIAPARCH model with DCC and the methodology for detecting structural breaks. Section 4 discusses the data and presents the empirical results. Quasi Maximum likelihood parameter estimates for the various specifications and results of the Wald testing procedures are presented. We also evaluate the different specifications, taking into account the structural breaks of each time series linked with two financial crisis events. Each multivariate specification is re-estimated under three subsamples defined by the break dates detected for each country combination. In addition, two contagion tests are performed in Section 6. The final Section concludes the analysis.
Literature review

Financial crises and the DCC model
There are several studies that investigate the two crises (the Asian and the recent Global one) using the DCC model. Cho and Parhizgari (2008) study the Asian financial crisis effects on correlations between eight East Asian stock markets. Using the AR(1)-DCC-GARCH(1,1) model on daily returns they find an upward trend in DCCs after the break date of the crisis. They observe a shift in the mean and the median of the DCCs computed by the model. Chiang, Jeon, and Li (2007) also use an AR(1)-DCC-GARCH(1,1) on nine Asian stock markets plus the US market (as explanatory variable in the mean equation) to investigate the effects of the Asian crisis. They conclude that there are higher correlations during the crisis, where volatility is also increased. They also observe two phases in the crisis period. In the first phase the correlations increase, which means contagion effect, and in the second phase the correlations remain high, which means investors' herding behaviour. Syllignakis and Kouretas (2011) use the AR(1)-DCC-GARCH(1,1) model to investigate the correlation pattern (before and after the current financial crisis) between the US, the Russian and seven emerging markets of Central and East Europe. They consider cross effects in the mean caused only by either the US, the German or the Russian index returns but not by the other dependent variables of each multivariate model. They find an increase in conditional correlations between the stock market returns during the crisis (2007) (2008) (2009) . They use weekly returns and then dummy variables for the crisis periods as regressors in a separate regression of the generated DCC. apply the asymmetric generalized (AG) DCC-GARCH(1,1) model of Cappiello, Engle, and Sheppard (2006) to confirm the increased dynamic correlations between five emerging Balkan stock markets, the US and three developed European markets during the current financial crisis, also considering asymmetries in correlation dynamics. They conclude that the higher stock market interdependence is due to herding behaviour during the crisis period. Kenourgios, Samitas, and Paltalidis (2011) extend their paper to investigate the conditional correlations over five financial crisis events from 1995 to 2006 for the BRICs, the US and the UK using various DCC models like the original one of Engle (2002) and the AG-DCC as well. More recently, Kenourgios and Padhi (2012) again estimated AG-DCC models to study correlations during crisis periods between 1994 and 2008 on nine emerging markets and the US. Kazi, Guesmi, and Kaabia (2011) use a multivariate DCC-GARCH(1,1) model to investigate the correlations between seventeen OECD stock market returns before and during the current Global financial crisis. They use the Bai and Perron (2003) structural break test and apply the DCC model for the whole period (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) ) and the two subperiods, defined by the structural break detected (1-10-2007) , which corresponds to the beginning of the crisis. They observe a significant increase in DCC during the crisis (after October 2007) compared to the pre-crisis period (before October 2007), which confirms the finding of previous studies of a higher contagion effect during financial crisis periods. Kotkatvuori-Örnberg, Nikkinen, and Äijö (2013) also focus on the current financial crisis with data from fifty stock market indices for the period 2007 to 2009, accounting for two major events: JP Morgan's acquisition of Bear Stearns and the Lehman Brothers' collapse with dummy variables for the unconditional variance in the multivariate GARCH(1,1) equation. Then the DCC model is applied in six multivariate specifications for each region and the correlations generated are further used to run multivariate GARCH(1,1) with the same intercept dummies in the mean and the variance. The impact of the crisis is found significant on stock markets' comovements and especially the effect of the Lehman Brothers' collapse is prominent across all regions.
The advantage of our analysis in comparison with the above studies is the FIAPARCH specification of the conditional variance, while the existing studies use the simple GARCH model. We also assume tdistributed innovations, since daily financial data exhibit excess kurtosis, while all the above mentioned papers assume Gaussian innovations. Moreover, we add in the mean equation the cross effects between all the dependent variables and not a common regressor for all the returns, such as the US stock index in Chiang et al. (2007) , and thus we estimate a full VAR model. We also apply the complete methodology of Karoglou (2010) to identify the structural breaks in the mean and the volatility dynamics of the stock returns, using a comprehensive set of datadriven methods of structural change detection and not only a single statistical test. We finally use a very large sample period from 1988 to 2010 of daily stock returns, the widest among the studies considered under our literature review.
Long memory and power transformed returns
There are some recent studies that use the DCC models of either Engle (2002) or Tse and Tsui (2002) with the FIAPARCH specification in the variance equation. Aloui (2011) uses daily stock index returns from Latin American markets for the period 1995-2009 and runs the multivariate FIAPARCH with Engle's DCC, assuming t-distributed innovations following Conrad et al. (2011) . The DCCs generated are modelled separately with an AR(p)-GARCH(1,1) with intercept dummies for the crisis events in the mean and the variance equation. The breaks are defined from the economic approach of each crisis timing, the Asian financial crisis (AFC), the Global financial crisis (GFC) and the regional Latin American crises. They prove that the correlations are much higher during periods of financial crises and especially the regional crises and the GFC. Ho and Zhang (2012) apply among other models the multivariate FIAPARCH framework with the DCC of Tse and Tsui (2002) with the normality assumption for the errors on daily Chinese stock index returns from 1992 to 2006. They focus on the key features of the variance specification, the asymmetries and the long memory and on the time varying behaviour of the conditional correlations. They do not use breaks and do not investigate the effect of crisis events. apply the multivariate FIAPARCH framework of Tse (1998) with the DCC of Engle (2002) on foreign exchange rates daily data from 2004 to 2011 with t-distributed errors, in order to identify the effect of the recent financial crisis. They detect the structural breaks according to an economic approach defining the exact timing of the major crisis events and a statistical approach applying the Markov Switching Dynamic Regression model. They run the multivariate DCC-FIAPARCH on the whole sample without cross effects for the five currency series and with the DCCs generated they run an AR(p)-GJR-GARCH(1,1) with intercept dummies for the crisis breaks in the mean and the variance equation of the DCCs to measure the crisis effects. They conclude that there are lower exchange rate correlations during turbulent times. Dimitriou, Kenourgios, and Simos (2013) also use the same FIAPARCH specification in a bivariate framework for stock returns of the US and the BRICs markets pairwise for the period 1997-2012. They assume again t-distributed errors but they use the DCC of Tse and Tsui (2002) instead of Engle's (2002) specification. They model the DCCs extracted from the whole sample and detect the breaks in the same way in order to investigate the correlation dynamics during the several phases of the recent financial crisis. Stock market correlations are found to be increased after early 2009.
In the light of the more recent DCC-FIAPARCH studies, our modelling still provides a comprehensive analysis of the volatility and correlation processes for three main reasons: we use an outstanding breaks methodology, we apply the mean cross effects (that is a full VAR model) and our data cover the longest sample period, which is split into subsamples for the crisis periods in order to re-estimate the same model specifications and analyse the time varying behaviour of the parameters and the effects of the financial crises.
Contagion effects
Our empirical results below (see Section 6) are in line with the existing empirical evidence that supports the increase in conditional correlations during crisis and justifies the contagion effects among the financial markets and the investors' herding behaviour. As a brief review of the studies on the markets' interdependence during crisis events we first refer to Lin, Engle, and Ito (1994) , who report the link between higher correlations and higher volatility periods in equity market returns as an 'empirical regularity' to start their research on intradaily stock prices across markets. Ang and Bekaert (1999) and Longin and Solnik (2001) observe higher volatility periods associated with higher correlations between different stock index returns in bear markets. Bartram and Wang (2005) provide evidence that contagion effects exist during crises with higher correlation estimates. Boyer, Kumagai, and Yuan (2006) show that correlation estimates increase during crisis periods and investigate the transmission mechanisms across different markets. Increased herding behaviour during crisis is proved in Chiang and Zheng (2010) for some of the countries under study. Sandoval and Franca (2012) use various techniques to measure the correlation between the markets during crises and find that in turbulent times markets exhibit higher degrees of comovement. Corsetti, Pericoli, and Sbracia (2001) show that although the stock markets' volatilities and covariances increase during crises, the correlations are not necessarily higher. Forbes and Rigobon (2002) give the definition of contagion as "the significant increase in crossmarket linkages after a shock to one country". They develop tests on the contagion effect during a crisis and show that the correlation coefficients are conditional on market volatilities. During a crisis the market volatilities are higher, so the correlations are biased upwards. They find no contagion effect during crises by estimating the unconditional correlations, but they accept that there is interdependence (high level of market comovement) across the markets in any state of the economy. Billio and Pelizzon (2003) investigate the tests proposed by the two above mentioned studies to detect contagion or interdependence across markets during financial crisis events. Chakrabarti and Roll (2002) observe higher covariances, correlations and volatilities, after the Asian financial crisis arose, in both Asian and European markets. Yang and Lim (2004) find that during the Asian financial crisis a contagion effect is apparent across the stock markets with a higher degree of interdependence in the whole region. Khan and Park (2009) find herding contagion across Asian markets during the Asian financial crisis, measuring the cross-country correlations. Finally, Moldovan (2011) proves that correlations between the three major financial markets (US, UK and Japan) are higher after the recent financial crash of 2007 than before.
In the financial crisis literature review we find no study that compares the AFC and the GFC, except for Aloui (2011) , who investigates the effects of the two crises only on Latin American markets with a narrower sample. Our extended sample from 1988 to 2010 gave us the chance to compare the conditional correlations after each crisis. We find higher correlation estimates after the GFC break than after the AFC. This is absolutely expected since the international financial integration is more apparent in recent years. The evident risk transmission across markets as well as the key characteristics of volatility (co-persistence and asymmetry) during crises should be of primary interest for the market players (all sorts of investors and risk managers) and the regulators. The market participants must take into account the market's stylized facts captured by our model. For example, the volatility persistence affects the investment horizon and the higher correlations reduce the portfolio diversification gains. The financial authorities have to consider such findings in order to establish the appropriate market control measures and protect the investors from extreme risk exposures.
Methodology
Multivariate FIAPARCH-DCC model
The most common model in finance to describe a time series of daily stock index returns is the VAR of order 1 process. Let us define the Ndimensional column vector of the returns r t as r t = [r it ] i = 1,…,N and the corresponding residual vector ε t as ε t = [ε it ] i = 1,…,N . The structure of the VAR (1) mean equation with cross effects is given by
, that is to allow for cross effects we allow Φ (od) ≠ 0 (matrices and vectors are denoted by upper and lower case boldface symbols, respectively). For example, the bivariate AR(1) model is given by
Regarding ε t we assume that it is conditionally student-t distributed with mean vector 0, covariance matrix
, and variance vector Notice that ε t can be written as (e t ⊙ q t
enotes element wise exponentiation) where e t = [e it ] i = 1,… N is conditionally student-t distributed with mean vector 0, time varying covariance (symmetric positive definite) matrix Q t = [q ij,t ] i,j = 1,…,N (the so called quasi-correlations, see Engle, 2009 ) and variance vector q t = (I N ⊙ Q t )i. It follows that
Most importantly, we allow for DCC, The covariance matrix Σ t can be expressed as
where R t = [ρ ij,t ] i,j = 1,…,N is the N × N symmetric positive semi-definite time varying correlation matrix with ones on the diagonal (ρ ii,t = 1) and the off-diagonal elements less than one in absolute value. Next, the structure of the conditional variance is specified as in Tse (1998) , who combines the FIGARCH formulation of Baillie, Bollerslev, and Mikkelsen (1996) with the APARCH model of Ding, Granger, and Engle (1993) . The multivariate FIAPARCH(1,d,1) we estimate is specified as follows:
where 
The sufficient conditions of Bollerslev and Mikkelsen (1996) for the positivity of the conditional variance of a FIGARCH (1,d,1) model: Conrad and Haag (2006) and Conrad (2010)). Of course when
Finally, the structure of R t according to Engle (2002) is given by
, a and b are nonnegative scalar parameters satisfying a + b b 1. It is clear that Engle (2002) specifies the conditional correlations as a weighted sum of past correlations, since the matrix of the quasi correlations, Q t , is written as a GARCH process and then transformed to a correlation matrix. Engle (2002 Engle ( , 2009 
t . In the bivariate case the conditional correlation coefficient ρ 12,t is expressed as follows: ρ 12;t ¼ q 12;t ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi q 11;t q 22;t p ;
þ ae 1;t−1 e 2;t−1 þ bq 12;t−1 ;
Structural breaks
In order to identify the number and timing of the potential structural breaks we employ the Awarding-Nominating procedure of Karoglou (2010) . This procedure involves two stages: the "Nominating breakdates" stage and the "Awarding breakdates" stage.
The "Nominating breakdates" stage involves the use of one or more statistical tests to identify some dates as possible breakdates. In recent years, a number of statistical tests have been developed for that reason and for the purposes of this paper, we use the following ones:
(a) I&T (Inclán & Tiao, 1994) (b) SAC1 (the first test of Sansó et al., 2003) (c) SAC2BT, SAC2QS, SAC2VH (the second test of Sansó et al., 2003, with the Bartlett kernel, the Quadratic Spectral kernel, and the Vector Autoregressive HAC or VARHAC kernel of Den Haan & Levin, 1998 respectively) (d) K&LBT, K&LQS, K&LVH (the version of the Kokoszka & Leipus, 2000 test refined by Andreou & Ghysels, 2002 with the Bartlett kernel, the Quadratic Spectral kernel, and the VARHAC kernel respectively).
These tests are designed to detect a structural change in the volatility dynamics, but in fact they do not discriminate between shifts in the mean and shifts in the variance. For the purpose of this paper, this is a plausible feature since all types of breaks need to be considered in order to determine if and to what extent the distributional properties change when moving from one regime to another. Furthermore, their properties for strongly dependent series have been extensively investigated (e.g. Andreou & Ghysels, 2002; Karoglou, 2006; Sansó et al., 2003) and there is evidence that they perform satisfactorily under the most common ARCH-type processes.
To identify multiple breaks in a series we incorporate the aforementioned test in the following iterative scheme (algorithm):
1. Calculate the test statistic under consideration using the available data. 2. If the statistic is above the critical value split the particular sample into two parts at the date at which the value of a test statistic is maximized.
3. Repeat steps 1 and 2 for the first segment until no more (earlier) change-points are found. 4. Mark this point as an estimated change-point of the whole series. 5. Remove the observations that precede this point (i.e. those that constitute the first segment). 6. Consider the remaining observations as the new sample and repeat steps 1 to 5 until no more change-points are found.
The above algorithm is implemented with each of the (single breakdate CUSUM-type) test statistics described above (i.e. I&T, SAC1, SAC2BT, SAC2QS, SAC2VH, K&LBT, K&LQS, K&LVH).
What differentiates this scheme from a simple binary division procedure is that it forces the existing breaks to be detected in a time-orderly fashion, which makes it more robust when transitional periods existin which case a simple binary division procedure is likely to produce more breaks in the interim period. In the absence of transitional periods both procedures will produce the same breaks.
The nominated breakdates for each series are simply all those which have been detected in each case. Note that at this stage we are not much concerned with detecting more breaks than those that actually exist because whichever is not an actual breakdate will be picked up in the Awarding breakdates stage.
The "Awarding breakdates" stage is a procedure which, in essence, is about uniting contiguous nominated segments (i.e. segments that are defined by the nominated breakdates) unless one of the following two conditions is satisfied:
(I) the means of the contiguous segments are statistically different (as suggested by the t-test) (II) the variances of the contiguous segments are statistically different (as suggested by the battery of tests which is described below)
This testing procedure is repeated until no more segments can be united, that is, until no condition of the two above is satisfied for any pair of contiguous segments.
The battery of tests mentioned in (II) constitute a different approach to the CUSUM-type tests described previously in that they test for the homogeneity of variances of contiguous segments without encompassing the time-series dimension of the data. They include the standard F-test, the Siegel-Tukey test with continuity correction (Sheskin, 2004, and Siegel & Tukey, 1960) , the adjusted Bartlett test (see Judge, Hill, Griffiths, Lütkepohl, & Lee, 1988, and Sokal & Rohlf, 1995) , the Levene test (1960) and the Brown and Forsythe (1974) test.
Overall, we find that the stochastic behaviour of all indices yields about three to seven breaks during the sample period, roughly one every two to four years on average. The resulting break dates for each series are in the additional Appendix (which is available upon request), Table A.1. The predominant feature of the underlying segments is that mainly changes in variance are found statistically significant. Finally, there are several breakdates that are identical in all series and others that are very close to one another, which apparently signify economic events with a global impact. Table A .2 in the additional Appendix provides a detailed account of the possible associations that can be drawn between each breakdate and a major economic event that took place at or around the breakdate period, either in the world or in each respective economy. It appears that dates for the extraordinary events of the AFC of 1997, the GFC of 2007-08 and the European sovereign-debt crisis that followed are very clearly identified in all stock return series and with very little or no variability. Other less spectacular events, such as the Russian financial crisis of 1998, the Japanese asset price bubble of 1986-1991 or the UK's withdrawal from the European Exchange Rate Mechanism (ERM), can also be associated with the breakdates that have been identified in some series. Table A .3 presents some of the descriptive statistics of the stock returns of each segment between the breakdates. The variability of the mean returns becomes particularly prominent for all countries at the end of our sample i.e. after the 2007-08 financial crisis. In exactly the same period, the stock market uncertainty as proxied by the standard deviation rises dramatically.
We selected among the breaks detected (for each series' combination for the respective bivariate and trivariate models) the two dates that correspond to the two financial crisis events, on which we will focus in our analysis. These dates are also the most common breaks of each series' combination. We intend to study the impact of the AFC of 1997 and the recent GFC of 2007-08 on the volatility and correlation dynamics of the eight stock markets. As seen in Table 1a we break the whole sample into three subsamples and rerun all the models under the same specifications. The first subsample (A) starts from our first observation of 1988 and ends on the break date near the AFC. This is the pre-AFC period. The second subsample (B) starts from the AFC and ends on our last observation of 2010. This is called the post-AFC period, which also includes the current crisis. Finally, the third subsample (C) starts from the AFC break point and ends on the GFC break. This is the period between the two crises.
Empirical analysis
Data
Daily stock price index data for eight countries were sourced from the Datastream database for the period 1st January 1988 to 30th June 2010, giving a total of 5869 observations. The eight countries and their respective price indices are: UK: FTSE 100 (FTSE), US: S&P 500 (SP), Germany: DAX 30 (DAX), France: CAC 40 (CAC), Japan: Nikkei 225 (NIKKEI), Singapore: Straits Times (STRAITS), Hong Kong: Hang Seng (HS) and Canada: TSE 300 (TSE). We selected the most representative indices for the European, Asian and American stock markets. Our sample is large enough to include various crisis events like the Asian (1997), the Russian (1998) and the recent Global crisis, which is still an on-going process beginning from 2007. For each national index, the continuously compounded return was estimated as r t = (log p t − log p t − 1 ) × 100 where p t is the price on day t.
The descriptive statistics of each return series and the series correlations pairwise are reported in Table 1b . The mean of all returns is positive except for NIKKEI. The Asian returns show greater standard deviation on average than the European and the American. FTSE from Europe and the two American series have the lowest values of unconditional volatility, between 44% and 49%. HS and NIKKEI exhibit the highest volatility, 73% and 64%, respectively, and DAX follows with 62%. CAC and STRAITS volatility is calculated in the middle, 59% and 57%, respectively. It is obvious that the normality hypothesis for our daily returns is rejected. All series exhibit skewness with negative values of the relevant measure, indicating that the data are skewed left (long left tail), and excess kurtosis, far above the benchmark of 3 of the normality case, which means a more 'peaked' data distribution (leptokurtosis). The higher correlations are computed for the European returns (CAC-DAX-FTSE) and the American pair (SP-TSE). Moreover, the American variables' correlation to the Asian variables is lower than their correlation to the European. See in the Appendix the graphs of each return series.
Multivariate models
Multivariate GARCH models with time varying correlations are essential for enhancing our understanding of the relationships between the (co-)volatilities of economic and financial time series. Thus in this Section, within the framework of the multivariate DCC model, we will analyse the dynamic adjustments of the variances and the correlations for the various indices. Overall we estimate seven bivariate specifications: three for the European countries: CAC 40-DAX 30 (CAC-DAX), CAC 40-FTSE 100 (CAC-FTSE) and DAX 30-FTSE 100 (DAX-FTSE); three for the Asian countries: Hang Seng-Nikkei 225 (HS-NIKKEI), Hang Seng-Straits Times (HS-STRAITS) and Nikkei 225-Straits Times (NIKKEI-STRAITS); one for the S&P 500 and TSE 300 indices (SP-TSE). Moreover, we estimate two trivariate models: one for the three European countries (CAC- Table 3 . (2001) for DCC against constant conditional correlations in all models. Table 2 shows that the CCC hypothesis is always rejected at 100% significance level. We estimate the various specifications using the approximate Quasi Maximum Likelihood Estimation (QMLE) method as implemented in the OxMetrics module G@rch 5.0 by Laurent (2007) . The existence of outliers, particularly in daily data, causes the distribution of returns to exhibit excess kurtosis (Table 1b , panel A with descriptive statistics). To accommodate the presence of such leptokurtosis, we estimate the models using student-t distributed innovations.
DAX-FTSE) and one for the three Asian countries (NIKKEI-HS-STRAITS). We have also performed the test of Engle and Sheppard
Bivariate processes
For the mean equation we choose a VAR(1) process whereas in the variance equation a (1,d,1) order is chosen for the FIAPARCH formulation with DCC. Table 3 gives the mean equation coefficients estimates. In the majority of the models (nine out of fourteen) the AR(1) coefficients (ϕ ii ) are significant at the 10% level or better. The mean equation of diagonal elements of Φ (ϕ ij ), which capture the cross effects between the series, are also significant in most of the cases (eight out of the fourteen cases). In the European stock markets we see that DAX is positively affected by the other two European indices while the German index has a negative impact on FTSE. In the Asian markets there is a mixed bidirectional feedback between HS and NIKKEI, where the latter affects the former negatively and the effect in the opposite direction is positive. STRAITS affects both HS and NIKKEI positively, but it is independent of changes from the other two Asian indices. Finally, there is a unidirectional positive feedback from SP to TSE. Table 4 summarizes the variance equation results. In all cases the fractional differencing parameter (d i ), the power term parameter (δ i ) and the asymmetry parameter (γ i ) are highly significant. The estimates for two GARCH parameters (β i , c i ) are also significant except for one case. The fractional parameters are very similar in the three European models with values between 0.36 and 0.43, while in the Asian models we get similar but slightly lower values of long-range volatility dependence (0.30-0.38). The SP-TSE process generated significant estimates (0.37 and 0.41), similar to the other six models. The power terms are also similar, with the values from the Asian pairs being higher than in the other four bivariate formulations. The three Asian processes gave powers between 1.58 and 1.89, while in the rest of the models we obtained power terms between 1.47 and 1.66. It is worth mentioning that STRAITS exhibits the highest power terms (1.89 and 1.81) and the lowest degree of (long-memory) persistence (0.30 and 0.35) in the two bivariate formulations that are included (NIKKEI-STRAITS and HS-STRAITS, respectively). Finally, the asymmetric response of volatility to positive and negative shocks is strong in all cases. The value of the corresponding parameter γ i is between 0.18 (STRAITS) and 0.56 (SP).
The unconditional correlation coefficient ρ ij is highly significant in most cases (five out of the seven cases, see the first column of Table 5 ). CAC-FTSE and DAX-FTSE generated insignificant coefficients. It is interesting that CAC-FTSE also gave insignificant cross effects in the mean of returns (see Table 3 ). Among the other models, SP-TSE gave the highest unconditional correlation parameter, 0.64, whereas the lowest significant value is obtained from NIKKEI-STRAITS, that is 0.30. The DCC parameters a and b are also highly significant, indicating a considerable time varying comovement. The persistence of the conditional correlations, measured by the sum of a and b, is always high and close to unity, that is between 0.9661 and 0.9999. b is always above 0.90 and a is below 0.05, revealing slight response to innovations and major persistence. The degrees of freedom (R t ) parameters are highly significant and fluctuate around 7 for the Asian and American models and around 9 for the European processes. In the majority of the cases the hypothesis of uncorrelated standardized and squared standardized residuals is well supported (see the last two columns of Table 6 ).
Next, the Wald testing procedure applied on the estimated models provides support for the consideration of long memory and power features in our modelling. We examine the Wald statistics for the linear constraints d i ′ s = 0 (stable APARCH) and d i ′ s = 1 (IAPARCH). As seen in panel A of Table 7 , the Wald tests clearly reject both the stable and the integrated null hypotheses against the FIAPARCH one. We also test whether the estimated power terms are significantly different from unity or two using Wald tests. All the estimated power coefficients are significantly different from either unity or two (see Table 7 , panel B). We observe in all cases higher Wald statistics for the d i ′ s = 0 and the δ i ′ s = 1 hypotheses in comparison with their alternatives: d i ′ s = 1 and δ i ′ s = 2, which means that the former hypotheses are more 'rejectable' than the latter ones. Table 8 reports the parameters of interest for the two trivariate AR(1)-DCC-FIAPARCH(1,d,1) models for the three European and the three Asian indices. The cross effects in the mean equation are similar to the bivariate results. DAX is positively affected by both CAC and FTSE as in the bivariate processes, while FTSE is independent of changes from the other two markets in the trivariate model. In the trivariate model of the Asian countries we obtain the same results for the cross effects as in the bivariate ones. The ARCH and GARCH parameters (β i , c i ) are highly significant in all cases. The fractional parameters (d i ) are all significant and similar to the ones obtained from the bivariate models. FTSE gives the highest value for d i among the three European series as in the bivariate case and the same stands for NIKKEI (0.40) in the Asian countries. The power terms δ i are also significant and in accordance with the corresponding results from the bivariate models. The Asian indices give higher power terms on average in comparison with the European indices. The asymmetry parameter γ i is strong in both models and similar to the bivariate cases. STRAITS again gives the lowest value of d i (0.32), the highest value of δ i (1.83) and the lowest value of γ i (0.16). Both trivariate models generate strong unconditional correlation coefficients ρ ij , which are all highly significant unlike the bivariate cases of the European countries. In Europe the highest unconditional correlation is between CAC and DAX (0.45). The highest correlation between the French and the German financial markets is justified since they are both Continental European markets. FTSE is the Anglo-Saxon market with characteristics that differ traditionally from the Continental European markets because of more advanced financial liberalisation and deregulation. So, the correlation of FTSE to CAC or DAX is found to be lower. In Asia the highest unconditional correlation is between HS and STRAITS (0.50), the same as in the bivariate models. The conditional correlations' is again high (close to unity) and significant in both models. Finally, the degrees of freedom (∑ t = 1 T ) parameters are highly significant and lower in Asia than in Europe, which also confirms the bivariate results.
Trivariate processes
Next, again we examine the Wald statistics for the linear constraints d i ' s = 0 (stable APARCH) and d i ' s = 1 (IAPARCH). As seen in Table 9 the Wald tests reject the stable null hypothesis but not the integrated one, unlike the bivariate results, where both hypotheses are rejected against the FIAPARCH one. Regarding the Wald tests of the power terms, all the estimated power coefficients are significantly different from either unity or two as in the bivariate models.
Subsamples
Bivariate processes
All bivariate models run for the whole sample period are reestimated for each subsample period under the same specification, that is the AR(1)-DCC-FIAPARCH(1,d,1) with student-t distributed errors. Only the model for SP-TSE did not converge for subsamples B and C. The leverage parameter γ i is significant in most models in the three subsamples and the estimated values are similar to those for the whole sample (see the additional Appendix B, Tables B.3-B.5, which is available upon request). The fractional parameter results in Table 10 show that all estimates are significant except for one. In most cases the subsample models' values of d i fluctuate around the respective value of the original model (for the whole sample). We cannot conclude on a certain direction of this fluctuation. The degree of the series' long-memory 'persistence' across the different subperiods remains at the same level for the majority of the models. Table 11 reports the Wald statistics for the linear constraints d i ′ s = 0 and d i ′ s = 1 across the subperiods. Both hypotheses are rejected against the FIAPARCH in most cases.
The power term parameter δ i is highly significant across all subsamples' estimates (see Table 12 ). As in the case of the fractional parameter, the power terms for the sub-periods' models also fluctuate around the level of the value in the corresponding model for the entire period. Interestingly, for most cases the power term estimates of the period between the two crises (subsample C) are higher than the estimates in the other two subsamples (A and B) and the whole sample's values. The Wald tests (Table 13) show that δ i is significantly different from either unity or two for all the cases across the three subsamples.
The dynamic correlation estimates follow the predictable pattern according to the financial crisis literature. They are always lower before the crisis. After the crisis break they are much higher and remain on a higher level. These findings are depicted on the graphs of the dynamic conditional correlations for each bivariate model presented in the Appendix. It is obvious that the DCCs estimated after the second break for the GFC period are much higher than those after the AFC break, revealing that the recent crisis has caused stronger contagion effects in the market and leads the investors to exhibit more evident herding behaviour. During the GFC the international financial integration is complete in comparison with the AFC in 1997, where the financial liberalisation and deregulation was still in process. As seen in Table 14 , the correlation coefficient ρ ij , which is significant in most cases, in the pre-AFC period (subsample A) always receives lower values than in the post-AFC period and the period between the two crises (subsamples B and C, respectively). For the majority of the models, we also observe that the ρ ij value of the whole period model approaches mostly the level of the pre-crisis model.
Finally, in the additional Appendix B (which is available upon request) with all the parameters' estimations we observe that the AR(1) coefficients (ϕ ii ) are significant at the 15% level or better for the majority of the models in the subsamples. The cross effects are significant in many cases (see also panel A in Table 17 ). DAX, as with the whole sample, is affected positively by the other two European indices before the AFC (subsample A) and between the two crises (subsample C). Table 3 .
Interestingly, these two effects disappear in subsample B, that is in the period after the AFC until the end of the sample. Similarly, the negative effect of the German index on FTSE disappears in the three subsamples.
For the HS-NIKKEI pair, there is still a mixed bidirectional feedback in the periods after the AFC and in between the two crises. However, the negative effect of NIKKEI on HS disappears in the pre AFC period. In the other two Asian pairs with STRAITS the ϕ ij coefficients indicate a positive effect from STRAITS to HS and NIKKEI for all three subsamples, as with the whole sample. The higher values of the cross effect coefficients in the period with the two crises taking place indicate a more sound market integration in Asia during the turbulent times. For the American pair in the pre-AFC period, as in the whole period, SP affects TSE positively.
Trivariate processes
Finally, we re-estimate the two trivariate models, one for the Asian indices and one for the European, for the three subsamples. The Asian model did not converge for the third sub-period and the European for the second one. Our findings are very similar to the ones for the bivariate processes. The fractional parameters and the power terms (Table 15 , panels A and B) fluctuate around the values of the whole sample and are always significant. The Wald tests show that δ i is significantly different from either unity or two, and they also reject the d i ' s = 0 hypothesis, but do not reject the d i ' s = 1 (see panels A and B in Table 16 ). The correlation coefficients (Table 15 , panel C) are again higher in the post-AFC periods (subsamples B and C) than in the pre-AFC period (subsample A). See also the graphs of the conditional correlations for the two trivariate models in the appendix. The asymmetric response of volatility to positive and negative shocks is strong in most subsamples' models, with γ i fluctuating around the respective estimated values of the whole sample (see Tables B .6-B.8 in the additional Appendix B).
Regarding the cross effects in the additional Appendix B (see also  Table 17 ), DAX, similarly to the whole sample, is positively affected by both CAC and FTSE in the pre-AFC period but only by CAC in the period between the two crises, where the FTSE index affects the French index positively as in the model for the whole sample. In the Asian case, HS positively affects both NIKKEI and STRAITS before the AFC, while STRAITS has a positive impact on the other two indices in the post-AFC period, including also the GFC, as in the whole sample. During this period NIKKEI affects HS negatively, as in the whole sample.
Discussion
Our analysis gives strong evidence that conditional volatility is best modelled with the FIAPARCH specification, which combines long memory, leverage effects and power transformations of the conditional variances. These three features augment the traditional GARCH model in a suitable way to adequately fit the volatility process. The Wald tests applied support the particular augmented model and are in line with the results of Conrad et al. (2011) . The corresponding parameters are found robust to the structural breaks in the returns' and volatilities' series, since their estimated values in the subsamples are similar to those of the whole sample. The volatility 'persistence', as measured by the long memory parameter d i , is significant in almost all cases and different from either zero or unity. In the whole sample it hovers around the same level for the eight stock markets, which indicates that a common factor of 'persistence' may affect the markets and due to the financial integration their copersistence is apparent. The asymmetry parameter γ i is always significant and positive, meaning a leverage for negative returns. That is, negative shocks have stronger influence on the volatility of returns than the positive shocks of the same level. The power term δ i allows us to increase the flexibility of our modelling. The power transformation of returns, which is significantly different from one and two, gives the appropriate formulation to model the volatility process. One or more cross effects between the dependent variables in the majority of the multivariate specifications are also significant for the mean of returns and show a time varying behaviour across the subsamples. Finally, the implementation of the DCC model of Engle (2002) provides a thorough insight into the time varying pattern of conditional correlations, which accounts for structural breaks that correspond to major financial crisis events.
Contagion effect
In order to complete our empirical modelling of the main equity markets during the two crisis periods we perform two contagion tests. We intend to clarify whether the higher correlations observed in the post crisis periods are due to the contagion between the financial 
markets or their interdependence. Following Forbes and Rigobon (2002) , contagion is characterised by the increased spillovers between different markets after a crisis shock in one market and interdependence is their high inter-linkages during all states of the economy. The higher volatilities after a shock result in higher correlation coefficients calculations due to heteroskedasticity and omitted variables. This can mislead the analysis in favour of contagion, while the interdependence is the actual spillover phenomenon. Forbes and Rigobon (2002) proposed an adjustment to the correlation coefficient calculation in order to test it during crisis events. We will use the DCC coefficients generated by (the estimated) Engle's model in order to overcome the limitations of the classic correlations coefficients. Cho and Parhizgari (2008) point out the superiority of the DCCs in comparison to the Forbes and Rigobon (2002) modified coefficients, since Engle's model estimates not only volatility-adjusted correlations but also correlations that consider the time-varying behaviour of the volatility pattern. Our model's DCCs computed from the multivariate framework (with cross effects in the mean equation, and long memory, asymmetries and power transformations in the variance equation) are suitable to test the contagion effect during both crises (AFC and GFC). We perform two contagion tests used broadly in the empirical literature: the t-test in the difference of the means of DCCs across the subsamples to detect the significant increase after crisis episodes (see for example Cho & Parhizgari, 2008) and the DCCs regression analysis with crisis intercept dummies to observe the upward shift of the correlations' mean (see, for example, Chiang et al., 2007) . The DCCs from the whole sample's bivariate models are used for both tests. The two crisis breaks (see Table 1a ) are applied to determine the pre-and post-crisis periods of the t-test and to form the dummies for the regressions.
The t-test is calculated for the difference of the dynamic correlations means of each period before and after both crises. Tables 18 and 19 report the main statistical properties of the correlations for the whole sample and each subsample around the crises, as well as the t-test's pvalue for the means' difference. For both crises, we always reject the null hypothesis that the means are equal (two-sided test). We conclude that their difference is statistically significant and their increase after the crisis event denotes sound contagion effects due to the financial shocks of the AFC and the GFC. For the AFC shock, in particular, we also confirm the contagion effect by excluding the GFC period from the post-AFC subsample. It is interesting that the lowest correlation shift after both crises Table 19 DCC mean difference t-tests for the recent Global Financial Crisis. is observed between the US and the Canadian stock indices. We recalculate the t-statistics for shorter periods around the crisis breaks (500 observations before and after each crisis) and again the DCCs mean difference is statistically significant (results not reported due to space considerations). Our empirical results confirm the contagion phenomenon for all the main financial markets under study for both crises using the t-test irrespective of the sample size.
In the regression analysis we run the DCCs (ρ ij,t ) on a constant (ψ 0 ), the two crisis intercept dummies DUM 1 for the AFC and DUM 2 for the GFC (with coefficients ψ 1 and ψ 2 , respectively) and the AR(1) lag with the coefficient χ 1 to remove any serial correlation: ρ i j;t ¼ ψ 0 þ ψ 1 DUM 1 þ ψ 2 DUM 2 þ χ 1 ρ i j;t−1 þ u i j;t :
We limit our correlation model to the mean equation without conditional variance estimation, since no ARCH effect is neglected. Table 20 presents the regression results. The AR(1) coefficient is always above 0.95, denoting very high correlation persistence. The intercept dummies are always positive and significant confirming the significant correlations' increase, which means contagion effects after both crises. For the SP-TSE pair the GFC dummy is insignificant when both dummies are included, so we run two regressions for each crisis dummy separately. We observe the lowest dummy coefficients with the smallest t-statistic for the US and Canada, which is in accordance with the t-test procedure for the DCCs mean difference. Our dynamic correlations analysis proves that both contagion tests are in favour of contagion rather than simple interdependence after the crisis shocks.
Conclusion
The purpose of the current analysis was to investigate the applicability of the multivariate FIAPARCH model with DCC to eight stock market indices returns, also taking into account the structural breaks corresponding to financial crisis events. The VAR-DCC-FIAPARCH model is proved to capture thoroughly the volatility and correlation processes compared to simpler specifications, like the multivariate GARCH with CCC.
We have provided strong evidence that conditional volatilities are better modelled incorporating long memory, power effects and leverage features. We further prove that time varying conditional correlations across markets, estimated by the DCC model, are highly persistent and follow a sound upward pattern during financial crises. The crossborder contagion effects depicted on the increasing correlations and the herding behaviour among investors as the correlations remain high confirm the existing empirical evidence. We also compare two different crises in terms of correlations to observe higher correlations in the recent Global financial crisis than in the Asian one. The financial liberalisation, deregulation and integration of the markets has led to more apparent market interdependence nowadays. Such a conclusion has major policy implications and a substantial impact on the current risk management practices. Table 3 .
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